ABSTRACT Olfactory dysfunction is related to several clinical neurodegenerative diseases, such as Alzheimer's disease, multiple sclerosis, degenerative ataxias, Parkinson's disease, and so on. Owing to the individual difference in the sensory adaption of human smell function, the olfactory responses usually exhibit large inter-individual difference and change over time after repeated stimulations. The traditional analysis tools, such as statistical parametric mapping (SPM) in functional magnetic resonance imaging technique (fMRI) analysis, utilize the paradigm-based linear correlation and statistical techniques to discriminate the activation areas from background activities. However, these traditional approaches extract olfactory-induced responses using the stereotypic template or paradigm generated model. The olfactory-induced hemodynamic responses affected by internal/external events, such as changes of smell fatigue and attention, are not considered and therefore could result in misleading results. In this paper, owing to the stochastic characteristic of olfactory-induced responses, we adopted multivariate empirical mode decomposition (MEMD) to extract olfactory-induced hemodynamic responses in MRI blood-oxygenlevel dependent (BOLD) signals. The MEMD is an efficient data-driven approach to extract nonlinear and non-stationary signals, which is an improved method to expand traditional empirical mode decomposition (EMD) from one channel to multi-channel processing. We applied MEMD to decompose time series of BOLD signals from each slice into multivariate intrinsic mode functions (IMF). The MEMD enables common features of different scales in an image slice to be arranged in distinct IMFs. Each IMF is an analytic, self-constructed, well-defined, and data-driven function with time-varying frequencies. Each IMF was examined by checking its correlation with the paradigm-generated template. The task-related IMFs were chosen to reconstruct olfactory-induced hemodynamic responses. The group analysis of MEMD-processed data showed olfactory-induced activations in the anterior cingulate cortex and middle frontal gyrus.
I. INTRODUCTION
Olfactory sensation is crucial in our daily life. It affects our mood [1] , [2] , emotion [3] , behavior [4] , autonomous function [5] , immune system, and provides information for sensing hazard environment [6] . The olfactory nerve fibers originate from nasal epithelium, pass through olfactory bulbs, and arrive primary olfactory cortex (POC), piriform cortex, amygdala and entorhinal cortex. In clinics, olfactory dysfunction has been found in several neurodegenerative diseases, ranging from sever neuronal loss (e.g., Alzheimer's disease) to relatively little neural degradation (e.g., progressive supranuclear palsy). Zou et al. [7] found that the prevalence rate of olfactory dysfunction in Alzheimer's patients was higher than 90%, and they speculated the loss of olfactory sensation might be related to the loss of hippocampal volume. Connelly et al. [8] utilized university of Pennsylvania smell identification test (UPSIT) to test the olfactory function with degenerative ataxias and found that the occurrence rate of olfactory dysfunction was significantly higher than normal subjects. Rolet et al. [9] applied Sniffin Sticks to test the olfactory function in patients with progressive multiple sclerosis (MS), and concluded that MS patients are incapable of discriminating and identifying odors. Tarachow [10] surveyed patients with supratentorial brain tumors and found a high correlation between temporal lobe lesions and olfactory hallucinations. Haehner et al. [11] investigated the clinical symptoms in Parkinson's disease (PD) patients and indicated olfactory deficit as an early biomarker preceding motor symptom for diagnosing PDpatients.
In order to understand the cause of smell loss in different neurodegenerative disorders, neuroimaging techniques are chosen as powerful tools to study the mechanisms of olfactory dysfunctions in recent years. Boesveldt et al. [12] utilized magnetoencephalography (MEG) to study patterns of odor-induced brain activities, and successfully discriminated the olfactory-induced MEG patterns in normal subjects from those in PD patients. Dade et al. studied human olfactory function in olfactory memory tasks with long and short stimulation intervals using positron emission tomography (PET). They found right orbitofrontal and bilateral piriform corticies were activated in long-term odor recognition task, while only right piriform cortex was present in short-term recognition task [13] . Chiaravalloti et al. used 18 F-FDG PET/CT to investigate the metabolic changes in patients with multiple chemical sensitivity (MCS) and found reduced metabolism in frontal regions [14] . Li et al. [15] quantified the volume of olfactory bulb (OB) in PD patients using structural magnetic resonance imaging (MRI), and found both the left and right OB volumes of PD were significantly smaller than normal subjects. Doty et al. scanned 26 multiple sclerosis patients with smell loss, and founded gray matter (GM) reductions in parahippocampal gyrus (PCG), amygdala, piriform cortex, and inferior frontal gyrus [16] . Vasavada et al. utilized functional MRI (fMRI) to evaluate the odor-induced activations in Alzheimer's disease and mild cognitive impairment (MCI) patients. They found olfactory activation volume in thePOC and hippocampus were smaller than normal controls [17] . Among the aforementioned olfactory studies, the fMRI, having the advantages of non-invasive, high spatial resolution, high temporal solution, and no ionizing radiation, has been widely used to investigate brain activations in different tasks.
Traditional fMRI analyses generate template response based on pre-defined stereotypical hemodynamic function (HDF) and apply general linear model with parametric statistical test (e.g., SPM) to examine the changes of bloodoxygen-level dependent (BOLD) signal related to experimental task [18] . Nevertheless, owing to the nature of neural adaptation in human smell sensation, the olfactoryinduced responses can be changed over time during repeated stimulations or long stimulation. Most of model-based or hypothesis-based methods simply correlate the BOLD signals with paradigm-generated template and usually ignore the dynamic changes of physical states (e.g., fatigue, attention) [19] , [20] . In addition, task-unrelated artifacts, such as heart beat, breathing, head motion, low-frequency drifts, etc., could sometimes deteriorate the signal quality and result in wrong interpretation if a premised model is assumed [21] - [23] . To extract meaningful information from background noise, data-driven approaches have been considered as effective tools to determine the underlying structure of measured data. McKeown et al. proposed independent component analysis (ICA) to find common features within measured fMRI data [24] . Kiviniemi et al. [25] applied principal component analysis (PCA) for resting-state fMRI data. Worsley et al. [27] utilized singular value decomposition (SVD) to identify activation areas by detecting extensive regions of correlated voxels [26] . Windischberger et al. developed fuzzy cluster analysis (FCA) method to cluster activation sites in fMRI data. Though data-driven approaches have drawn great attentions in recent years, however, some limitations are reported in the use of aforementioned multivariate analyses [28] . For instance, ICA requires the property of independence among different sources, and each independent component is considered as a distribution of spatial map multiplied by an identical temporal waveform which ignores the flexibility of differences among distinct voxels. The PCA and SVD try to decompose the measured signals into orthogonal components. For FCA, the setting of cluster number has been reported as a factor to significantly affect the connectivity results. Reconstruction of source signals is heuristic by choosing appropriate principal components. Inappropriate component selection might fall into the pitfall of wrong data interpretation.
In recent years, empirical mode decomposition (EMD)-based approaches were studied for fMRI analyses. The EMD was firstly proposed by Huang et al. [29] as an efficient method for analyzing nonlinear and non-stationary data without the requisite of prior statistical assumption or pre-defined cluster number. The EMD approach decomposes a signal into a finite number of intrinsic mode functions (IMF) by iteratively conducting the sifting process [29] . It has been demonstrated as a powerful data-driven tool for extracting [30] applied EMD to each voxel and rearranged IMFs to extract temporal activities at similar scales. Lin et al. [31] performed ensemble empirical mode decomposition (EEMD) [32] to fix mode mixing problem of traditional EMD and applied EEMD on each voxel to enhance sensitivity of BOLD signal in restingstate MRI. Nevertheless, the EMD and EEMD methods are data-driven approaches which act as self-organized dyadic filters to arrange a single signal channel into several subbands. In multi-channel analyses, EMD/EEMD should be repeatedly applied to analyze each individual channel and variations among distinct channels would inevitably result in differences in the extracted IMFs. Therefore, applying EMD/EEMD to MRI BOLD signals on each voxel might face the problem in clustering or grouping the IMFs extracted from distinct voxels, since the voxel-by-voxel processing lacks of systematic organization in extracting common spectral characteristics among different voxels.
In this study, we aim to test the feasibility of MEMD in extracting meaningful olfactory-induced hemodynamic responses in MRI Bold signals. The MEMD is a multivariate data-driven analysis tool [33] . It enables that multi-channel signal features within the same sub-band can be categorized and aligned in one IMF without an additional grouping process. This study took the advantage of MEMD in multivariate analyses. Features in different scales extracted from the measured BOLD signals were arranged into distinct IMFs, and the task-related IMFs were identified by correlating each IMF with paradigm-generated template of hemodynamic response (HDR). The MEMD-based approach might be a feasible data-driven approach to find task-related brain areas in human brain.
II. MATERIALS AND METHODS

A. SUBJECTS AND OLFACTORY STIMULAIONS
Fourteen right-handed subjects (nine male and five female, aged 20.6±2.06 (mean±std.) years-old, ranged from 18 to 25 years-old) were recruited to participate in this research. None had the history of nasal or sinus complaints, allergies, major olfactory and neurological disorder. Olfactory stimuli were generated from a programmable olfactometer (ETT olfactometer, LLC, Hershey, PA), and the flow rate of olfactometer was constantly set at 6 L/min. Sixteen olfactory stimuli, eight odorized and eight non-odorized, were sequentially presented to each subject in randomized order. The odorized stimulation was 40 % concentration of lavender fragrance (40 % volume fraction of pure lavender essence oil mixed with the 60% volume fraction of humidified air), and the non-odorized stimulation was pure humidified air. The duration of each olfactory stimulation was 12 s followed by a 30 s rest [34] . Visual cue was presented on a MRI compatible goggle to prime subjects at 5 s preceded each olfactory stimulation, and subjects were asked to respond for discriminating odorized and non-odorized air they smelled after each stimulation (left button for odorized and right button for non-odorized stimulation). Odorants were delivered through a Teflon tube to both nostrils by requesting subjects worn a mask, covering their mouths and noises. To reduce the effect from sniffing and other olfactory related functions, subjects were instructed to breath constantly and not to sniff at any time during the fMRI paradigm. Fig. 1 illustrates the experimental paradigm of our olfactory stimulations. The whole scanning time was 11 min and 27 s including 5 volumes (15 s) as dummy scan at the beginning followed by 16 olfactory stimulation blocks. Each block consisted of a 12 s olfactory stimulation period (4 volumes) and a 30 s resting period (10 volumes). In this study, 8 odorized and 8 non-odorized stimulation blocks were designed and presented to subjects in randomized order. All subjects gave informed consent, and this study was approved by the Ethics committee of Institutional Review Board, Landseed hospital, Taiwan.
B. IMAGE ACQUISITION
Images were acquired using 1.5-T GE MRI scanner (Signa HDxt 1.5T system, GE healthcare, Waukesha, USA) with an 8-channel-phased array head coil for RF transmission and reception. In order to minimize motion artifact, all subjects VOLUME 7, 2019 were scanned in supine position and sponges were used to cram the space adjacent to the head coil. Functional images were scanned using a T2 * -weighted axial echo-planar imaging (EPI) (TR/TE = 3000 ms/50 ms, slice thickness = 4 mm, FOV = 240 × 240 mm 2 , matrix size = 64 × 64, voxel size = 3.75 × 3.75 × 4 mm 3 with whole-brain coverage). For each subject, 34 slices in each volume and 224 volumes of brain images were acquired. The anatomical brain image was acquired using 3D axial T1-weighted FSPGR BRAVO pulse sequence (TR/TE = 9.756 ms / 3.892 ms, slice thickness = 1.2 mm, 256 × 256 matrix, FOV = 220 mm). The onsets of olfactory stimuli were incorporated with functional image data for the subsequent MEMD processing and event-related fMRI analysis. Fig. 2 illustrates the system architecture of our olfactory experiment. The MRI scanner generated TTL pulses synchronized to the start of each scanning volume, so that the PC located outside the exam room can precisely control the olfactometer to produce odorant for olfactory stimulation.
C. DECOMPOSITION OF BOLD SIGNALS INTO IMFs USING MEMD
T2-weighted MR images were pre-smoothed by applying FWHM (full width at half maximum) Gaussian filter and downsampled to 32 × 32 pixels image to reduce computation quantity. Since MEMD requires the temporal length of data matrix larger than its channel number, the BOLD signals were interpolated for MEMD processing. In our study, we applied MEMD to each MR slice and decomposed BOLD signals across all pixels into IMF. With MEMD, the same frequency features across all pixels were organized into a IMF with N by M dimension, where N (N=1120) is the interpolated number of time points and M (M=1024) is the pixel number in the downsampled MR slice.
The MEMD is an improved approach to expand traditional EMD from one channel to multi-channel processing by generating multiple M-dimensional envelopes and taking signal projections along different directions in M-dimensional spaces [35] . The sampling scheme based on Hammersley sequence belongs to a class of quasi-Monte Carlo methods, and provides relatively more uniform sampling in higher dimensional spaces. After projecting multi-channel signals on different directional vectors on the N-dimensional space, the extrema of the projected signals are interpolated via the cubic spline interpolation to obtain multiple signal envelopes. The multiple envelopes are then averaged to obtain the local mean of the multivariate signal.
This study intended to extract odor-induced BOLD signal changes using MEMD. The whole-head BOLD signals, acquired from 34 image slice positions (K = 34), were processed slice-by-slice in axial view. For k th slice position, the pre-processed T2-weight slice image sequence can be arranged into a data matrix V k , representing as an N×M matrix containing BOLD signals with N (N = 1210) time points and M (M = 1024) pixels. The i th row contained the BOLD signal of i th pixel and the j th column contained the image slice at j th time point. Because MEMD is a signal processing working as a multi-dimensional dyadic filter, the BOLD signal of each pixel in V k was detrended, i.e.,V k = V k −V k , whereV k contains the mean luminance of each pixel at the k th slice position across all time points andV k is the detrended k th MRI slice image. The detrended matrix V k was subsequently subjected to MEMD processing.
Considering R project directions on the M-dimensional space, the data matrix of pre-processed M-dimensional multivariate BOLD signals isV
are angles on an (M -1) sphere [35] and V m is the signal vector of m th channel with N time points in signal matrix V k . The MEMD process contains the following steps [36] :
(1) Choosing a suitable set of direction vector X θ r on the M-dimensional space; (2) Setting S =V k ; (3) Calculating the r th projection, P θ r , by projecting the input signal S along the r th direction vector, X θ r , for all r (1 ≤ r ≤ R), represented as
. .
(4) Finding the time instants n θ r i corresponding to the maxima/minima of the set of projected signal, p θ r , for all k; (5) Interpolating along the maxima/minima points n θ r i in p θ r to obtain multivariate envelopes, e θ r , for all r (1 ≤ r ≤ R); (6) Estimating the mean of the envelopes from all R directions, represented as The MEMD processing was performed using Matlab (http://www.commsp.ee.ic.ac.uk/∼mandic/research/emd.htm). The stoppage criterion of the sifting process is similar to traditional EMD [37] that the number of extrema and the zero crossings differ at most by one in the sifting processing [32] .
D. SELECTION OF OLFACTORY-RELATED IMFs FOR RECONSTRUCTING SLICE IMAGEs
It has been manifested that the fMRI HDR can be modeled by specific functions (e.g., double gamma, Gaussian, Gamma) [38] , [39] within particular frequency bands. Irrelevant noise sources, such as movement artifacts (e.g., motion, cardiac, respiration), background RF noises, low-frequency drifts, etc., could represent distinct features from eventinduced hemodynamic responses. In our study, each IMF is a data matrix with N × M dimension. We considered the time lags of neural signal transmission among different brain areas. Cross-correlation coefficient was adopted to find the relation between paradigm-generated HDR and each IMF. The cross-correlation coefficients for each IMF across all pixels were averaged, normalized and further categorized into highly-, middlely-, and poorly-correlated groups using k-means. In this study, the amount of decomposed IMFs was determined by the stoppage criteria of MEMD sifting process. According to our experience, we decomposed fMRI BOLD signals into nine IMFs [40] . The IMFs highlycorrelated with HDR were designated as olfactory-related arranged in the matrixV k , i.e.,V k = V k −V k . The detrended BOLD signalsV k were then decomposed into IMFs using MEMD. The IMFs were correlated with paradigm-generated HDR in order to classify them into highly-, middly-, and poorly-correlated groups. Those IMFs highly-correlated with HDR were chosen for reconstructing olfactory-induced hemodynamic responses, and then arranged in matrixV (t) at all slice position (k = 1, . . . , K; K=34) were integrated into 3D volume sequences, and then subjected to first-and second-level fMRI analyses using SPM.
E. IMAGE PREPROCESSING USING SPM
The image slices from whole-head volume, obtained from IMF selection process, were integrated into volume matrix for fMRI analyses. fMRI was performed using SPM (SPM8 software, Wellcome Department of Cognitive Neurology, London) on Matlab 2012a platform (Mathworks, Sherbon, MA). Image slices were realigned, normalized, time corrected, co-registered with structural T1 image, and spatially smoothed. Motion artifacts were regressed out using six motion parameters obtained from rigid body correction, white matter, and whole body signals [41] . The detrended BOLD signals were decomposed into nine IMFs using MEMD. The correlation values between these nine IMFs and HDR were categorized into three groups. Only the IMFs belonged to highly-correlated group were chosen for subsequent data reconstruction. The olfactory-induced activation areas were analyzed using SPM. Generalized linear model (GLM) was applied to perform first-level (individual) and second-level (group) analyses. The first-level analysis aims to analyze the effectiveness of designed regression model for interpretation of BOLD responses. Significance difference between odorized and non-odorized conditions were tested (one-sample t-test, p < 0.001) in each individual subject. In the second-level analysis, we performed fixedeffects second level analysis for the contrast images generated from first-level analysis. Multiple comparison problem (family-wise error,p < 0.05) was considered by means of Bonferroni correction. FMRI results from first-level and second-level analyses were transformed into Talairach coordinates for comparison purpose. The signal processing flow of the proposed MEMD-based fMRI analysis is illustrated in Fig. 4 .
III. RESULTS
This study took MEMD as preprocessing to extract olfactoryrelated IMFs and performed data reconstruction to achieve better SPM results. Both first-and second-level fMRI analyses were applied to the fourteen subjects. Most subjects participated in our study shown clear activation areas in frontal region and anterior cingulate cortex. Here we considered the limited space and only subject I was demonstrated to Further examining the activation areas obtained from original BOLD signals, the activation clusters distinct from those in MEMD-processed data were sparsely located at right cerebellum, brain stem, occipital lobe, frontal, and precuneus (see the circled areas in the third panel) with small voxel sizes (<15voxels). The hemodynamic responses were poorly correlated with paradigm-generated HDR, where the correlation values were 0.43, 0.42, 0.34, 0.21, 0.28, and 0.38 for clusters located at right cerebellum, brain stem, occipital lobe, frontal, and precuneus, respectively [42] , [43] . These activation areas had hemodynamic responses poorly-correlated with HDR and were excluded from our fMRI second-level analysis. Table 1 shows the statistical results of the first-level SPM activation areas in first-level analyses (p<0.001) obtained from MEMD-processed BOLD signals. The first, second and the third columns are the activated brain areas, activated hemispheres, and voxel sizes of the activation brain areas, respectively. The last column lists the number of participants whose brains were activated at the specified brain area. It can be observed that the activation areas were widely distributed over frontal cortex, anterior cingulate and cingulate cortex, olfactory cortex, amygadala, precentral and postcentral gyrus, temporal cortex, cerebellum, occipital cortex, etc. It is interesting to see that most participants in our study presented functional activations at anterior cingulate cortex and middle frontal cortex. Both the two areas are the secondary areas in responding to olfactory stimulation. The activations in POC, including piriform cortex and entorhinal cortex, were observed in four out of the fourteen subjects. This might echo the observations reported in other studies that the activation of POC is only sensitive at the beginning of the exposure to olfactory stimuli (0∼15 s) [44] . Olfactory habituation could be a possible reason to explain why the activations in secondary olfactory areas are more prominent than the activations in POC [45] . In addition, the wide inter-subject variation of activation areas in first-level analysis could be dependent on the complexity of the cognitive task [46] .
For the second-level analysis, activations were found located at the anterior cingulate cortex (z score = 3.13, p = 0.0018) and the middle frontal gyrus (z score = 3.27, p = 0.0010) (see Fig. 6 ). Taking multiple comparison problem into consideration, the significance level (p<0.05) was corrected asp < (0.05/14) ≈ 0.0036 according to Bonferroni correction. Both the two activation areas (anterior cingulate cortex and middle frontal cortex) in second-level analysis were validated. The coordinates of the activation areas are shown in Table 2 .
IV. DISCUSSION
This paper presents an MEMD-based approach to extract the olfactory-induced fMRI hemodynamic responses. The MEMD enables that the hemodynamic responses in each MRI slice can be categorized into IMFs in accordance with their frequency features. The IMFs were subsequently examined by correlating each IMF with HDR, generated from experimental paradigm, to identify olfactory-related IMFs for image reconstruction. After reconstructing the hemodynamic responses from chosen IMFs, the task-unrelated spiky noises as well as low-frequency drifts were removed so that spurious activation clusters were suppressed. As shown in right panels of Fig. 5 , the suspicious areas, appeared as small activation spots (<15 voxels) [47] distributed over cerebellum anterior lobe marked by dark blue circle), right brainstem (marked by light blue circle), right cerebellum posterior lobe (marked by green circle), occipital (marked by cyan circle), and precuneus areas (marked by orange circle), are seldom reported in previous literatures. This could be caused by artifacts induced by standard motion correction process [48] . Regarding the activation area in frontal (marked by pink circle), the activation area, located on the border of frontal cortex, was appeared in traditional SPM result but not in MEMD processed data. Though the frontal area is an important area involved in olfactory processing, artifacts could generate its poor temporal correlation with HDR and suspicious position..
One difficulty in analyzing olfactory-induced responses is its inherent feature of smell habituation. Evidence from pharmacological studies have demonstrated habituation to odorant in mammals is caused by N-methyl-D-aspartate (NMDA) receptor-dependent neural adaptation in mitral cells [49] - [51] . The neural adaptation in olfactory habituation occurs in neurons at several olfactory processing levels, including chemosensory neurons, olfactory bulb, and piriform cortex [49] . It has been agreed that neural activities in different brain areas can be changed along with the happening of olfactory habituation. Poellinger et al. studied BOLD responses induced by short-and long-duration of odorant stimuli. They found olfactory habituation can result in different hemodynamic responses in orbitofrontal cortex and POC [44] . In addition, olfaction is a chemosensory sensation whose functionality requires the harmony of collaboration among olfaction receptor neurons, olfactory bulb, olfactory cortex, and higher cognition functions (e.g., attention, consciousness, etc.) [52] . Functional changes VOLUME 7, 2019 in sensory level, central nervous system, or cognitive function will cause influences in olfaction perception and regulate the measured hemodynamic responses in fMRI. Therefore, utilization of stereotypical HDR template for the extraction of olfactory-induced hemodynamic responses might be inappropriate to interpret olfactory-induced data during habituation state. In our study, the HDR template was only used to facilitate the selection of olfactory-related IMFs, and therefore temporal changes of measured hemodynamic responses were preserved.
Other multivariate signal processing methods such as ICA, PCA, etc., utilize statistical algorithms to extract common information and consider purely the cross-channel common features. The same temporal waveform plus spatially distributed weights are used to interpret the measured data, so that phase and waveform differences among distinct channels are not allowed. In contrast, the IMF obtained from the MEMD processing forms a self-constructed and well-defined analytic basis. Reservation of temporal as well as frequency characteristics in each channel (image voxel in this study) will allows the retention of feature differences among distinct brain regions for better data interpretation.
The MEMD is an improved approach which expands traditional EMD from one-channel to multi-channel processing. Considering an oscillation signal on M-dimensional space, the sifting process of MEMD intends to extract information of different scales, by means of iteratively removing slower rotation components [53] . The envelop of each faster oscillatory component on M-dimensional space forms a rotating tube that tightly encloses the slower portion of the signal. Each time point of the slower portion can be defined as the center of the enclosing tube. The idea of finding the slow rotation component is to find the center of the M-dimensional rotating tube. By projecting the M-dimensional data on a (M-1) sphere with R sampling directions [36] , the center of the M-dimensional tube can be obtained by calculating the mean of projected values along the R sampling directions. The sifting process on M-dimensional space is then iteratively subtracting the slower rotation components in order to obtain the fast rotation component as IMF. In our study, the activation sources of original BOLD signal were analyzed in each individual. According to the instruction proposed by Rehman and Mandic [36] , the number of project directions can be properly chosen as twice the number of input channels. Since the input BOLD signals were 1024 voxels, 2048 projection vectors were chosen for our MEMD processing to extract olfactory-related hemodynamic responses at each slice position. For signal processing at each slice position, the input data was 1024 voxels with 1120 time points and the requisite processing time for each MRI slice was about 31.82±7.58 min on PC (Intel(R) Core(TM) i7-2600 CPU @3.4 GHz 3.4 GHz, 32.0 GB RAM).
In contrast to previous fMRI literatures using traditional EMD-based approaches [30] , [31] , [54] , EMD was applied to each voxel or predefined region-of-interests (ROI). Nevertheless, inter-voxel or inter-ROI variations in BOLD signals might cause discrepancies in IMFs extracted from neighboring voxels or ROIs, which results in difficulties in finding common features of induced hemodynamic responses. In those studies using traditional EMD, feature filtering or ensemble averaging is usually required to extract common features from IMFs obtained from different voxels or different ROIs. For example, Lin et al. retained only IMF 2∼6 for SPM processing [31] and left other IMFs as fMRI unrelated artifacts. McGonigle et al. [30] determined common frequency features by finding the most powerful median frequency across IMFs obtained from all voxels. Nevertheless, heuristically grouping IMFs with a systematic selection process might be risky and could mislead the study results. Compared to the proposed MEMD approach, the MEMD enables multi-channel data can be processed simultaneously. Signal features of different frequency scales are aligned and arranged in distinct IMFs. The common features were extracted through a high-dimensional sifting process, so that there is no need to have a post-EMD processing for grouping common features.
In Fig. 5 , the original and MEMD-processed hemodynamic responses preprocessed were compared. The hemodynamic responses obtained from original BOLD signals contained high-frequency noise and low-frequency drifts (rightmost panel) which were removed after choosing olfactory-related IMFs for data reconstruction (leftmost panel). Higher correlation values were observed in the MEMD-processed data and the efficacy of MEMD in extraction of olfactory-related hemodynamic responses was then demonstrated. To better illustrate the processing of the proposed MEMD approach, one simulation example of four-channel BOLD signals is shown in Fig. 7 . In Fig. 7(a) , the upper panel shows four simulated BOLD signals, in which the BOLD signals in ch1∼ch3 are the same with giving a constant time lag VOLUME 7, 2019 of 10 time points between adjacent channels. The 10 time points between the adjacent channels in ch1∼ch3 was designed to simulate the varied reaction time of hemodynamic responses in different brain areas. The fourth channel was designed as zero response to simulate the BOLD signal in a no activation brain area. In the third panels, the simulated BOLD signals shown in the first panel was then added with low-frequency drift (shown in the second panel) and random noise to simulate the hemodynamic responses contaminated with motion artifact and unexpected random noise. In Fig. 7(b) , nine IMFs were decomposed using MEMD. For calculating the cross-correlation coefficient values between the simulated BOLD signal and the IMFs across different channels, the means of cross-correlation coefficients across ch1∼ch4 for all IMFs are shown in the right panel of Fig. 7(b) . After applying k-means to categorize the cross-correlation coefficients into three groups, the IMF6 and IMF7 were referred to highly-correlated group, IMF9 was referred to middly-correlated group, and IMF1∼IMF5 and IMF8 were referred to poorly-correlated group, respectively. Taking IMF6 and IMF7 for data reconstruction, the reconstructed ch1 ∼ ch4 are shown in Fig. 7(c) . With the proposed MEMDbased approach, it can be observed that the low-frequency drift and random noise were removed.
In this study, we studied the difference between the hemodynamic responses induced from odorized and non-odorized air in fourteen subjects. Since the subject group was still small, we considered only within-subject effect and chose the fixed-effect approach in our study . In this fMRI analysis, the fixed-effect GLM model is represented as Y = X · β + E, in which Y is the column vector of concatenating data from all subjects, X contains design matrix of experimental hypotheses, β is the weights of effects for hypothesis models listed in X , and E is residual errors between the actual data and the generated linear model. Using the least square estimation, the vector β can be estimated by β = (X T · X ) −1 X T · Y , where X T is the transpose matrix of designed matrix X . The activation areas shown in SPM are the brain areas whose BOLD signals can be significantly interpret by the GLM model. Our results in second-level analysis had shown two clear activation areas, which located at middle frontal cortex and anterior cingulate cortex. These two activation areas are coherent with previous studies in discriminating pleasant and unpleasant odors [55] . The middle frontal cortex is related to brain functions of working memory [56] , emotional balance [57] , self-knowing awareness [58] , control of autonomic nervous system [59] , etc. Kiparizoska and Ikuta [60] utilized voxel-wise connectivity analysis in schizophrenia patients during olfactory stimulation. They found disrupted connectivity between middle frontal cortex and posterior piriform cortex, and postulated the requisite involvement of middle frontal cortex in discerning smell from mixture odors. Apart from the middle frontal cortex, our results showed the participation of anterior part of anterior cingulate cortex. Whalen et al. [61] applied emotional counting stroop (ecStroop) tasks to normal subjects. They had demonstrated that the human anterior cingulate cortex can be divided into two division parts, the cognitive subdivision as well as the affective subdivision. The cognitive subdivision located on dorsal and posterior parts of anterior cingulate cortex, while the affective division located on anterior part of anterior cingulate cortex. Since anterior cingulate cortex is involved in the reward and punishment system [62], the anterior part of anterior cingulate cortex, which is correlated with the subjective pleasantness rating [63] , might indicate the feedback in valence representation to enhance reward circuitry.
V. CONCLUSIONS
In this paper, we have proposed an MEMD-based approach for extracting olfactory-induced hemodynamic response. The MEMD decomposed the BOLD signals into distinct IMFs according to their frequency features. The IMFs are self-constructed bases which enable local temporalfrequency characteristics to be well explained. The salient features of the proposed method are: (1) the common features among all pixels are decomposed in the same-indexed IMFs; (2) the olfactory-related IMFs are identified by finding the IMFs highly-correlated with HDR; (3) the MEMD-processed hemodynamic responses are reconstructed and olfactory-induced activation areas are detected using SPM. The proposed approach enables that common frequency features in MRI BOLD signals can be examined so that spurious activations in SPM processing were reduced. The proposed MEMD-based approach provides an effective way for the pre-processing of fMRI BOLD signals.
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